Abstract
Introduction
Agriculture remains the basis of livelihood for majority of the Ethiopian population. The Ethiopian economy depends mainly on the performance of the agricultural sector, which contributes about 40 per cent of the Gross Domestic Product (GDP), 85 per cent of employment, for about 90 per cent of rural peoples income (Diao, 2010) . Crop production is predominantly subsistent, largely rain-fed and often unreliable. As a result, crop production is highly exposed to seasonal shifts in climate (Conway and Schipper, 2011) .
In Ethiopia, recurrent cycle of drought and extreme reliance on rain-fed agriculture has been the main causes of food shortages and household food insecurity. Based on Wardlow et al. (2012) , drought is a natural hazard with effects that accrue over an extended period of time. It can be broadly categorized as being agricultural, meteorological, hydrological, and socioeconomic drought (Dracup et al., 1980; Wilhite, 2000; Boken, 2005) . In Ethiopia, drought is considered to be a meteorological phenomenon characterized by extended periods of precipitation deficit. Accordingly, this study focuses primarily on drought, which simply refers to a period characterized by the lack of precipitation for a period of time and consequent crop failure due to soil moisture deficit (Boken, 2005) . According to Heim (2002) , agricultural drought is generally a short-term dryness, but occurs at a critical time during the crop growing season and can adversely impact crop yields. Gray and Muller (2012) reported that drought is a significant negative shock that can undermine the livelihood of the people, who depend on agriculture. Over the past three decades, Ethiopia has been overwhelmed by climate variability and associated droughts that resulted profound effects on the country's food production and employment (Benson and Clay, 1998; Bewket and Conway, 2007; Araya and Stroosnijder, 2011; Conway and Schipper, 2011; Falco, 2012) . The frequent droughts in turn affected the income of the rural poor who fully depend on agriculture as droughts can result in reductions in crop outputs by as much as 90 per cent from a normal rainfall period (WFP, 2009) .
Over the past decades drought has become more frequent in both size and frequency due to variability in climate (Ferris-Morris, 2003; Gebrehiwot and van der Veen, 2013) . Different studies indicate that climate variability will affect food and water security in significant and uncertain ways over the coming decades because of agriculture's direct exposure to the variable climate (Ringler et al., 2010) . According to Omondi et al. (2014) , in Ethiopia, the warm extremes are increasing while cold extremes are decreasing. This warming is dangerous for agricultural practices (Collier et al., 2008) . Robinson et al. (2013) reported that drought shocks are expected to be more frequent and pronounced in the future. Furthermore, strong indications are available that rural population in developing countries, from whom agricultural production is the primary source of employment, will be most affected. Provided the year-to-year climate variability and its impacts on agriculture is apparent, effective and timely monitoring of agricultural droughts is highly pertinent (Boken, 2005; Eerens et al., 2014) . Better understanding of drought phenomenon and the different approaches for dealing with it will significantly help to minimize the risk of crop failure. One way to detect agricultural drought is to quantify it through standard drought indices. Subsequently, monitoring agricultural drought using standard drought indices will provide policy makers with key information on the spatial extent of drought severity triggering drought contingency plans and development of early warning systems.
Existing literature suggests two categories of drought indices that have been applied in recent decades: those derived mainly from in-situ data, and those derived from remote sensing satellites.
Agricultural drought monitoring strictly requires spatially contiguous time series data to predict the surface temperature and vegetation condition, which climate-based indices have main drawbacks (Yagci et al., 2011; Tonini et al., 2012) . Hence, data from remote sensing image at high temporal even at low spatial resolution can aid to assist in monitoring crop failures as they provide crucial information in near-real time over large areas as opposed to a single point measurement.
The specific objective of the study is to investigate seasonal agricultural drought conditions in Ethiopia's major crop producing regions. As a refinement of Rojas et al. (2011) , we differentiated the analysis over the different crop cycles in order to get more insight on the main causes of the drought conditions during the crop growing season. For the purpose of the study, satellite-based drought indices, particularly the Vegetation Condition Index derived from SPOTVegetation NDVI time-series for the period 1998 to 2013, was employed. Furthermore, Absolute Difference Average was applied to investigate the temporal pattern of agricultural drought. To the best of our knowledge, this paper 356 is the first to apply the Software for the Processing and Interpretation of Remotely sensed Image Time Series (SPIRITS), which is a recently developed software package for image time series processing for agriculture monitoring. It is believed that this study will provide policy makers with key information on drought prone areas, which is vital for decision making and implementation of localized programs that aim to reduce food insecurity in the affected areas of the country. The paper is structured as follows: section 2 describes the materials and methods employed in this research, section 3 presents the results, and section 4 and 5 presents the discussion and conclusion of the study respectively.
Materials and Methods

Study Area
Ethiopia is the second largest country in sub-Saharan Africa located in the Horn of Africa (Figure 1 ). Geographically, it lies between the latitudes 3°24ʹN and 14° 53ʹN, and the longitudes 32°42ʹE and 48°12ʹE. The country has a complex topography with an altitude ranging from 120 meters (m) below sea level in the northeast to over 4000 m above sea level in the northern highlands (Engida and Esteves, 2011 (Degefu, 1987; Diro et al., 2009) . 
Data Collection
For this study, SPOT Vegetation 10-day Normalized Difference Vegetation (NDVI) images from April 1998 -December 2013 were acquired from VGT4Africa of the DevCoCast project website (http://www.vgt4africa.org). The remotely sensed SPOT Vegetation products have 1-km spatial resolution, fully cover Ethiopia and have a 10-day temporal resolution. The satellite data recorded by SPOT Vegetation instrument are already pre-processed in order to ensure the quality of the NDVI product (Jacobs et al., 2006) . According to Jacobs et al. (2006) , the NDVI product can be used for crop and agricultural monitoring and early warning to detect failing crop growing seasons.
Furthermore, TAMSAT 10-day rainfall estimates (RFE) with a spatial resolution of 0.0375 degree covering the African continent were acquired from Reading University (UK) (http://www.met.reading.ac.uk/tamsat/ab out), for the period of January 1998 to December 2013. A recent study by Dinku et al. (2007) validated different satellite rainfall products and proved TAMSAT rainfall estimates to be the best for the complex Ethiopian topography. Thus, differing from Rojas et al. (2011) , the spatio-temporal pattern of agricultural drought condition in the major Ethiopian crop producing areas was further investigated using TAMSAT 10-day rainfall estimates as an alternative approach.
In addition to the above mentioned datasets, two spatial datasets were used in this study. First, a land cover map, and secondly a map with Ethiopia's regional boundary. The land cover map for Ethiopia (figure 2) was extracted from the ESA Global Land Cover map of 2009 in order to locate agricultural land cover type, which was used to extract the NDVI and VCI statistics over the main agricultural land per administrative region. 
Vegetation Based Agricultural Drought Monitoring
Data from remote sensing image time series is an effective way to monitoring crop failures as they provide crucial information in near-real time over large areas. In recent decades, several remotely sensed based drought indices have been applied to characterize the state of vegetation and describe drought conditions (Atzberger and Eilers, 2011) . Vegetation condition is a good indicator of agricultural drought and can be quantified by the NDVI index. Variability of NDVI is the most commonly applied index for monitoring vegetation and drought assessment (Tucker, 1979; Kogan, 1995b; Yang et al., 1998; Ji and Peters, 2003; Domenikiotis et al., 2004; Bajgirana et al., 2008; Zhang et al., 2013) .
Consequently, NDVI-based indices have been applied to monitor vegetation state and quantify drought. Thus, different indices such as the Vegetation Condition Index (VCI) (Kogan, 1990 (Kogan, , 1995a Liu and Kogan, 1996; Bhuiyan et al., 2006; Gebrehiwot et al., 2011; Rojas et al., 2011) ; Absolute Difference NDVI (ADVI) (Tonini et al., 2012) ; Anomaly Vegetation Index (AVI) (Anyamba et al., 2001) ; and the Vegetation Health Index (VHI) (Kogan, 1995a; Rojas et al., 2011) have been applied. Moreover, it has been demonstrated that the VCI can be successfully used for monitoring crop condition (Brown et al., 2008) . A review of literature further indicates that VCI is suitable for monitoring agricultural drought and provides accurate information for short-term agricultural droughts during the crop growing season (Kogan, 1995a; Liu and Kogan, 1996; Kogan, 1997; Gitelson et al., 1998; Unganai and Kogan, 1998) . VCI is reported to capture rainfall dynamics better than NDVI specifically in geographically heterogeneous areas (Rojas et al., 2011) . Given the potential of the VCI to detect and characterize agricultural drought episodes, VCI is employed in this study to describe the spatial-temporal variability of seasonal agricultural drought patterns in Ethiopia. It is determined as:
where NDVI, NDVI min , and NDVI max are the smoothed 10-day NDVI, its absolute long-term minimum and maximum NDVI values respectively for each pixel. VCI varies in the range of 0 to 100 per cent reflecting relative changes in the vegetation condition from extremely low to high VCI (Kogan, 1995a; Kogan et al., 2003) .
A review of literature also revealed the close relationship between NDVI and seasonal rainfall variations in semi-arid land regions (Tucker et al., 1985; Rasmusson, 1988; Nicholson et al., 1990; Tucker et al., 1991) . Consequently, in this study the analysis on NDVI pattern was conducted during the main crop growing season as the evolution of vegetation in Ethiopia is closely related to seasonality in rainfall, which is the basis for using NDVI time series data for agricultural drought monitoring.
NDVI for the growing period was retrieved from the 10-day NDVI images using a compositing method. Specifically, for each growing season the composite NDVI map was determined by averaging twelve 10-day smoothed NDVI images. After the production of the smoothed NDVI images for the crop growing period, the long term maximum and minimum NDVI images were produced. Consequently, the VCI for each cropping season was determined using equation (1). The VCI images for the crop growing season are then classified into agricultural drought condition maps using the classification method suggested by Kogan (1995a) ( Table 1) . Consequently, 567 dekadal images were administered to produce the temporal agricultural drought maps. The long-term statistics is extracted for agricultural land cover type only. As a second method, Absolute Difference Average (ADav) was used to detect the temporal agricultural drought episodes. ADav NDVI is a transformation of the Normalized Difference Vegetation Index, which is calculated as:
where y is the actual year, p is the actual time interval within year y, X(y, p) is the actual smoothed NDVI value for year y and dekad p, Average (p) is the long-term historical average for the NDVI within the same dekad p. A negative NDVI shift from the historical average is usually linked to a reduction in the vigor of vegetation condition. In a similarly way equation (2) was also applied to detect drought events using the 10-day TAMSAT rainfall estimate datasets. The methodological framework of the study, which is adapted from Eerens and Haesen (Eerens and Haesen, 2013 ) is given below (Figure 3 ). 
Results
Temporal
Agricultural Drought Assessment using NDVI Anomaly
The temporal pattern of vegetation condition during the crop growing period was examined using ADav NDVI for the major crop producing regions in Ethiopia. Negative NDVI anomalies indicate the duration of every drought appearance during the growing period. The changes in the vegetation of two agricultural production regions in Ethiopia for the period 1983 to 2013 is shown in Figure 4 as a representative example. According to Ethiopia's rainfall seasonal character, NDVI is expected to reach maximum from mid of June (20 th dekad) to mid of August (25 th dekad).
Based on the ADav NDVI anomalies several drought episodes were identified in Ethiopia, 1998 Ethiopia, , 2002 Ethiopia, , 2004 Ethiopia, , and 2009 
Spatial Patterns of Drought
The spatial VCI patterns during the crop growing season are shown in Figure  5 . These series of VCI maps show the spatial and temporal persistence of agricultural drought conditions in Ethiopia over the past two decades. Examination of the temporal VCI-based agricultural drought maps clearly indicate a country-wide drought conditions during the crop growing periods of 1998, 2000, 2002, 2009, and 2010 in the central and northern highlands, and in the western and southwest regions of Ethiopia, excluding the pastoral regions of Somali and Afar regions ( Figure 5 ). For instance, in 1998, most part of Ethiopia particularly in the major crop producing areas of Amhara, Tigray, Benishangul Gumuz, Gambela, and Southern Nations, Nationalities, and Peoples' region (SNNPR) show the prevalence of severe to extreme drought conditions. The multitemporal drought maps showed a poor vegetation health and incidence of drought event two years in a row in The findings of the analysis by differentiating over the crop cycles (Figure 6 and 7) provide additional insight on the main reasons behind the poor performance of crops, which resulted in drought conditions. Accordingly, the analysis for the start of the crop growing season showed agricultural drought events for the years 1999, 2002, 2003, 2004, and 2009 (Figure 8 ). The figure reveals severely lower VCI values throughout the crop growing season during these periods. The countrywide extent of these drought events reflects the regional scale of these droughts that affected all major crop producing regions in the country. In addition to the nationwide drought events, it observed that the Amhara and Tigray regions were also hit by drought during the cropping season of 2010 that affected crop production. 
Temporal Agricultural Drought Trend Assessment using RFE
The temporal pattern of agricultural drought per administrative region on crop areas was further investigated using TAMSAT 10-day rainfall estimates (RFE) for the period 1998 to 2013. The first 13 and last 10 dekades of the calculated year are considered as dry season based on Ethiopian climatology, except for the southern and south-eastern lowlands of the country. Based on Eerens and Haesen (2013) definition of statistical parameters in SPIRITS, the ADav RFE values are used to determine rainfall anomalies and to examine the temporal aspect of drought. The rainfall estimates on crop areas for the major crop producing regions in Ethiopia is shown in Figure 9 .
Based on the ADav RFE several drought events were identified, 1998, 2002, 2004, and 2009 as indicated by the negative rainfall anomalies (Figure 9) . Looking at regional level, rainfall was extremely low during the end of the growing period in Tigray region during the years 2002, 2003, 2004, 2009 and 2013 that affected agriculture practices in the region. Similarly, in Amhara region rainfall was extremely low at the end of the rainy season in the years 2002, 2004, and 2009 . Furthermore, the temporal analysis indicated that rainfall was far below average rainfall at the commencement of the cropping season for the years 2002, 2003, 2010, and 2013 in Benishangul Gumuz, Gambela, and SNNPR regions as it is clearly indicated by negative rainfall anomalies.
Figure 9: TAMSAT dekadal rainfall estimates on crop areas for the major crop producing regions; 1998 -2013
Discussion
Agricultural drought primarily indicates the deficiency of rainfall compared to normal rainfall condition in a given region. Consequently, the temporal pattern of vegetation condition during the crop growing season was assessed using Absolute Difference Average NDVI for the major crop producing regions in Ethiopia.
Subsequently, several drought episodes were identified in Ethiopia using the ADav NDVI anomalies. The temporal analysis showed a significant negative NDVI anomaly for the major crop producing regions during the specified cropping periods indicating nationwide drought conditions. Furthermore, the multi-temporal analysis indicated occurrence of drought events in the northern highlands of Ethiopia (Amhara and Tigray regions) during the end of the crop growing season of 1998, 2002, and 2009 which resulted in crop failure.
The spatial-temporal aspect of agricultural drought in Ethiopia was further investigated by differentiating the crop cycles into the start, the end, and during the whole crop growing season using VCI. Kogan's (1995a) VCI classification was applied to identify drought events during the crop growing season (see Table 1 ). The temporal VCI maps during the crop growing season show a continuous drought in different areas of the major crop producing regions due to failure of timely rainfall at the start or towards the end of the cropping growing season.
A country-wide drought conditions were observed during the crop growing periods of 1998, 2000, 2002, 2009, and 2010 in the central and northern highlands, and in the western and southwest regions of Ethiopia, excluding the pastoral regions of Somali and Afar regions.
Consequently, agricultural practices in the major crop producing regions were affected. A brief internet search for drought in Ethiopia during 1999-2011, produced hits at news media and aid organizations for every year, except 2001 (Viste et al., 2013) . For instance, during the 2000, 2002/2003, and 2009 extreme drought periods, about 10.5, 13, and 5 million people were affected in the drought stricken areas of the country and depended on foreign food aid respectively. Refereeing to the 2000 drought episode, Bhalla (Bhalla, 2000) reported that six children under five years old are dying each day due to severe malnutrition in some of the areas worsthit by the drought in Ethiopia. The years 2000, 2002 and 2009 were identified as dry in most of Ethiopia by Viste et al. (2013) . The VCI-based multi-temporal agricultural drought maps for the crop growing season further show that most of the drought events have been geographically concentrated in the central and northern highlands of Ethiopia, particularly in Amhara and Tigray. Similar results were reported by Ramakrishna and Demeke (2002) . In contrast, healthy vegetation condition were observed over the cropping seasons of 2001, 2004, 2007 , and 2013 implying a good crop harvest. The normal conditions during these cropping periods are associated with adequate rainfall conditions during the main rainy season leading to healthy vegetation condition as indicated in Figure 9 .
In the Ethiopian agricultural setting, agricultural practices in times of sowing and harvesting have a profound impact in shaping the NDVI patterns (Gebrehiwot et al., 2011) . Looking only at the vegetation condition over the whole crop growing season can conceal the main causes of crop failure at the different crop cycles. Accordingly, the condition of crop performance was assessed by differentiating over the crop cycles. The temporal analysis for the start of the crop growing season showed agricultural drought events for the years 1999, 2002, 2003, 2004, and 2009 . This indicates the occurrence of vegetation stress as a result of rainfall delay at the commencement of the crop growing season. The temporal VCI maps for the start of the growing season further shows that the central, eastern and southern parts of Tigray; north and south Wello, north Shewa, and west and east Gojam of the Amhara region are the main areas that suffer a high intensity of vegetation stress at the start of the cropping period. Similarly, the VCI-based agricultural drought map for the end of the crop growing season reveal drought events that caused harvest failure for the years 1998, 2000, 2002, and 2010 in the crop producing regions due to rainfall failure towards the end of the crop growing period.
As an alternative, the temporal pattern of agricultural drought condition was further investigated using TAMSAT 10-day rainfall estimates (RFE). Accordingly, several drought events were identified, 1998, 2002, 2004, and 2009 indicating a substantial effect on agricultural production in the major crop producing region. Interestingly, this result corresponds well with the VCIbased drought events.
In general, the spatial and temporal drought analysis at the start, end and whole crop growing season demonstrates that the VCI-based drought analysis is very useful in detecting and monitoring agricultural drought at a national level. The analysis showed different causes for the nation-wide drought events occurred in the years 1998, 2000, 2002, 2009, and 2010 . For instance, the 1998 and 2000 and 2010 drought events occurred due to rainfall failure at the critical stage (end) of the crop growing season, while 2009 drought condition occurred due to failure of timely rainfall at the commencement of crop growing. However, the year 2002 drought event occurred due to a long dryspell over the whole crop growing season.
Conclusions
The study investigates the spatial and temporal aspect of agricultural drought in Ethiopia during the crop growing season using VCI and Absolute Average Difference. Kogan's (1995a) VCI classification threshold was employed for the identification of agricultural drought events. We applied innovative new software (SPIRITS, freely available) package with a complete range of built-in functionalities that enabled us to process huge amounts of data in an efficient and consistent way. Subsequently, we are able to integrate two spatial datasets, a land cover map and Ethiopia's regional boundaries, to extract statistical data over crop areas and examine agricultural drought over space, which we believed makes the paper novel.
Though the indicators applied are different, to the best our knowledge Rojas et al. (2011) are the only authors who integrated a land cover map and administrative boundaries to evaluate the likelihood of agricultural drought incidence for the African continent. However, identification of drought at the continent (Africa) level can conceal drought areas at the sub-national levels (region in our case) within a country. Moreover, there are considerable spatial variations in rainfall within a country. In such conditions spatial variation in agricultural drought within a country is often overlooked with a continent (Africa) level analysis. This indicates the importance of conducting drought analysis that aids to accurately capture the spatial dimension of agricultural drought at a country level. Consequently, as Rojas et al. (2011) also suggested, we investigated agricultural drought by increasing the spatial resolution to the regional level within national states. Moreover, we use detailed information on the different crop cycles, which gives more insight. Accordingly, the study provides useful information on the major historical agricultural drought events for the major crop producing areas over the period 1998 to 2013. The study was able to geographically identify the regions exposed to recurrent cycle of drought. Accordingly, the analysis indicated the central and northern highlands of Ethiopia, particularly the Amhara and Tigray regions, as the most vulnerable agricultural production regions. Historically, the two regions have been known as the most severely affected regions during the well-known Ethiopian famine periods. Thus, a slight drought that result a failure in crop harvest can undermine household food security and jeopardized development activities in the areas.
As it is clearly shown in the above discussion, the VCI-based analysis for the crop growing season accurately indicates the onset, spatial, and temporal dynamics of agricultural drought in Ethiopia. By and large, the study provides evidence that VCI-based drought analysis is an important tool for monitoring areas potentially affected by agricultural drought at the national level during the crop growing season. This will aid policy makers for making decisions, implementing measures to mitigate adverse consequences, and implement localized programs that aim to address household food insecurity in the affected areas of the country.
